Background {#Sec1}
==========

Transport proteins are proteins interacted in cell membrane to bind and carry atoms and small molecules within cells and throughout the body. There are many different kinds of transport proteins, they are critical to the growth and life of all living organisms. Membrane trafficking is the important process in transport protein, in which proteins and other macromolecules are transferred to various destinations inside and outside of the cell. This process uses membrane-bound vesicles and vesicular transporters as mediates transport to establish the absorption of molecules within a vesicle.

To enforce membrane trafficking, G-proteins are activated to be recruited to membrane vesicles by interacting with specific effector proteins. Figure [1](#Fig1){ref-type="fig"} indicates the process of G-protein in membrane trafficking. As shown in Fig. [1](#Fig1){ref-type="fig"}, G-protein operates as a molecular switch between GDP-bound inactive state and GTP-bound active state. These two states are controlled by guanine nucleotide exchange factors (GEFs) and GTPase activating proteins (GAPs). If G-protein binds GTP, it will be activated and involved in membrane trafficking. A number of studies determined that a functional loss of GTP binding sites in membrane trafficking has been implicated in a variety of human diseases (i.e., neurodegenerative, cancer, Parkinson \[[@CR1]--[@CR4]\] ... So there is a need to develop techniques such as computational techniques for identifying GTP binding sites in membrane trafficking (especially in transport protein).Fig. 1Process of GTP binding sites in transport proteins

Because GTP binding sites have an important role in many biological processes, many people attempted to focus on them to perform research. A prominent study conducted on GTP binding sites is made by Chauhan \[[@CR5]\]. They used support vector machines to predict GTP interacting residues. Hu \[[@CR6]\] approached a new supervised over-sampling algorithm with application to protein-nucleotide binding residue prediction, including GTP binding sites. Chen \[[@CR7]\] predicted and analysed of GTP binding residues using sequence and sequence-derived structural descriptors. In these studies, they also provided the free web servers for evaluating their methods. Susan and Peter \[[@CR5]\] tried to analyse the role of GTP-binding proteins in transport along the exocytic pathway. Moreover, Yang and Rosenwald \[[@CR3]\] summarized the functions of the monomeric GTP-binding proteins in macroautophagy in Saccharomyces cerevisiae. For the role of GTP binding sites in membrane trafficking, there are many researchers focusing on this field. One of them is from Hutagalung and Novick \[[@CR1]\], they have reviewed the mechanisms of Rabs interacting with membrane trafficking. From this research, we understand the process of membrane trafficking and GTP binding sites in membrane trafficking.

Membrane and transport proteins are very important biological functions; thus many researchers have conducted their studies on this issue. For instance, Saier \[[@CR6]\] built a web server containing many information of transport proteins from various living organisms. Next, Le \[[@CR7]\] tried to developed a web server to predict FAD interacting residues in electron transport proteins with favourable results. Furthermore, Ren \[[@CR8]\] developed transportDB, which is a complete database for predicting cellular membrane transporters. Chen \[[@CR9]\] presented computational techniques to conduct prediction and analysis of transport proteins. After this work, the transport proteins are classified into four major classes with different transporter targets.

The present work developed machine learning techniques to identify GTP binding sites in transport proteins according to PSSM profiles and SAAPs. The cross-validation dataset is applied for developing the model and then we evaluation the model performance with independent data set. The accuracy from cross-validation and independent data set reached 95.6 and 98.7%, respectively. When we compared with the previous works presented by Chauhan \[[@CR10]\], Hu \[[@CR11]\] and Chen \[[@CR12]\], the performance from proposed method improved significantly in all measure metrics. The proposed method could also predict the number of GTP binding sites with high accuracy and provide useful information for biologists. This study also provided a web server for presenting our method and can help biologists understand the function of GTP binding sites in transport proteins.

Methods {#Sec2}
=======

This study focused on predicting GTP binding sites in transport proteins. Figure [2](#Fig2){ref-type="fig"} shows a whole architecture of the study, which contains three stages: data collection, feature set extraction, and model evaluation. According to this architecture, we presented a precise model using PSSM profiles and SAAPs for predicting GTP binding sites in transport proteins. We described the details of all processes as follows.Fig. 2Whole architecture for predicting GTP binding sites in transport proteins

Data collection {#Sec3}
---------------

First of all, the data set about transport proteins is retrieved from the UniProt \[[@CR13]\] database. In this collection step, we only selected sequences with the annotation "evidence at protein level" or "complete." The detail query to retrieve transport proteins from UniProt is shown as follows:"*(annotation:(type:location AND membrane) AND existence:"evidence at protein level' AND fragment:no AND reviewed:yes) AND (keyword: transport OR go: transport)*"

After this step, 8772 transport proteins were collected. Next, we used the annotations from UniProt to collect GTP interacting residues in this data set. Note that in this step, we did not choose any GTP binding sites by similarity or by potential, we only choose GTP binding sites by experimental. After that we collected data on only 57 GTP binding proteins. To prevent overfitting in our model, we need to remove the similarity sequences inside the data set. We used BLAST \[[@CR14]\] to perform this action, with sequence similarity of 40%. The number of transport proteins after remove redundant data is 22 proteins, and we used these 22 proteins as our final data set. We can see in Table [1](#Tab1){ref-type="table"}, the 22 GTP binding proteins contain 364 GTP binding residues and 10434 non-GTP binding residues.Table 1All 22 GTP binding proteins using in the proposed studyNumber of proteinsGTP binding sitesNon-GTP binding sites2236410434

To build a model with high accuracy and avoid overfitting, we need to separate the data set into the cross-validation and independent data set. The proposed model will be fitted with the cross-validation data, and evaluated via the independent data set. The details of all data we used in this study are shown in Table [2](#Tab2){ref-type="table"}. The number of training and testing dataset is chosen to have the balance positive data between each set. Finally, we used four GTP binding proteins in the transport protein (containing 52 GTP binding sites and 1710 non-GTP binding sites) as the independent data set. On the other hand, 18 GTP proteins (containing 312 GTP binding sites and 8774 non-GTP binding sites) contained in the cross-validation data set.Table 2The details of all 22 GTP binding proteins separated into independent dataset and cross-validation datasetIndependent datasetCross-validation datasetQ9UTE0Q9ERI2Q5S006Q9H0F7Q57986P09527Q8IXI2Q9ULW5Q41009P33650O75695Q6IQ22P60953O35963P93042P42208P51157Q9UL25P20606Q9C0L9A8INQ0P62834

Sequence information {#Sec4}
--------------------

In many problems in predicting the secondary structure of proteins, sequence information is one of the first choice for researcher \[[@CR15], [@CR16]\]. This feature set used two dimension matrices with values represented 20 amino acid sequences. We computed all values of amino acids inside matrix and input them as a feature set. There are many types of matrix for performing sequence information. In this study, we applied three types of matrix, namely BINARY, PAM250 \[[@CR16]\] and BLOSUM62 \[[@CR17]\].

Position specific scoring matrices profiles {#Sec5}
-------------------------------------------

PSSM is a common matrix in biology field to represent the sequences as motifs \[[@CR18]\]. This matrix contains many score values represented for all amino acid in the original sequences. The row of PSSM shows the 20 amino acids and the column shows the original sequence of amino acids \[[@CR19]\]. In several years, the PSSM has extensively been considered a trademark for representing the protein sequences. To identify protein sequences, the PSSM is proved better than the sequence information because it included values for full sequence at correct amino acid position. Many problems in bioinformatics, i.e., secondary protein structure used the PSSM and get the favourable results.

In this study, the PSSM profiles are generated from BLAST \[[@CR14]\] and the non-redundant protein database. After this step, we retrieved the information from the PSSM profiles according to amino acids and their positions. The window size 19 also applied in this step to generate feature sets. Because the number of amino acid is 20, thus we have the matrix size 19 \* 20 = 380 values. This matrix value should be converted into one vector and we extracted them for features. Finally we need to perform last step to scale data with the range from 0 to 1:$$\documentclass[12pt]{minimal}
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Significant amino acid pairs {#Sec6}
----------------------------

To improve the predictive performance, we described SAAPs and combined with PSSM feature sets \[[@CR7]\]. The SAAPs were generated from the cross-validation data set (22 proteins) to identify which pairs of amino acids appeared more frequency in this problem. To calculate the values for each amino acid pair surrounding the data set, we applied the formula:$$\documentclass[12pt]{minimal}
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We decided that each amino acid pair met significant level with *p*-value less than 0.030212. Thus there is much special information in these amino acid pairs and we could use them as an additional feature to identify GTP binding sites in transport proteins. To implement that, we added the selected SAAPs to the PSSM feature set in descending order and performed experiment. Finally, this study used 160 SAAPs as additional features combine to PSSM profiles for predicting GTP binding sites in transport proteins.

Radial basis function networks {#Sec7}
------------------------------

For constructing RBF network, we developed the QuickRBF package \[[@CR20]\] as a classifier. The architecture of RBF network is shown in Fig. [4](#Fig4){ref-type="fig"}. Moreover, we assigned a regular bandwidth of five for each kernel function is generated in the network. In this work, we selected the center data equal to the training data to get the best accuracy. Eventually, our classifier was used to discover GTP binding proteins in transport proteins to the output function value. We defined the details of the network structure and design in our previous article.\[[@CR21]\].Fig. 4Architecture of the RBF network

In several bioinformatics and computational biology applications, RBF networks have been utilized in predicting cleavage sites in proteins \[[@CR22]\], inter-residue contacts \[[@CR23]\], and protein disorder \[[@CR24]\]; moreover, they have been implemented for identifying β-barrel proteins \[[@CR25]\], classifying transporters \[[@CR26], [@CR27]\], predicting O-linked glycosylation sites \[[@CR28]\], FAD binding sites \[[@CR7]\] and ubiquitin conjugation sites \[[@CR29]\].

The output nodes in our RBF network determined with the expression as follows:$$\documentclass[12pt]{minimal}
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Performance evaluation {#Sec8}
----------------------

Sensitivity, specificity, accuracy, and MCC (Matthew's correlation coefficient) were used to evaluate the predictive performance. TP, FP, TN, FN are true positives, false positives, true negatives, and false negatives, respectively.

Sensitivity represents the percentage of GTP binding sites predicted correctly.$$\documentclass[12pt]{minimal}
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Specificity represents the percentage of non-GTP binding sites predicted correctly.$$\documentclass[12pt]{minimal}
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Accuracy represents the percentage of all GTP and non-GTP binding sites predicted correctly.$$\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$ \mathrm{Accuracy}=\frac{\mathrm{TP}+\mathrm{T}\mathrm{N}}{\mathrm{TP}+\mathrm{F}\mathrm{P}+\mathrm{T}\mathrm{N}+\mathrm{F}\mathrm{N}} $$\end{document}$$

MCC represents the quality of prediction and prevent the unbalance data in model. A model prediction is perfect whenever the MCC value comes to 1.$$\documentclass[12pt]{minimal}
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Results and discussion {#Sec9}
======================

Composition of amino acid analysis {#Sec10}
----------------------------------

We calculated the occurrence frequency of all amino acids inside the dataset to analyse the composition of GTP binding sites and non-GTP binding sites in transport proteins. We can see the interaction in Fig. [5](#Fig5){ref-type="fig"}; highest occurrence frequency appeared with the amino acids G, K, S, and D. Therefore, these amino acids are the vital amino acids interacting with GTP binding sites in transport proteins. On the other hand, the amino acids L, S and D exceeded the low occurrence frequency in GTP binding sites in transport proteins.Fig. 5Composition of amino acid between GTP binding sites and non-GTP binding sites in data set

Comparison of the predictive performance with different window sizes {#Sec11}
--------------------------------------------------------------------

The proposed model is developed using the cross-validation dataset with 18 GTP binding proteins (including 312 GTP binding sites and 8774 non-GTP binding sites) in transport proteins. We selected the window sizes ranging from 13 to 19 for constructing our model. The measurement prediction executed with PSSM method and QuickRBF classifier. As shown in Table [3](#Tab3){ref-type="table"}, the result did not improve too much when changing the window size. The better result was from window size 19, with the sensitivity, specificity, accuracy, and MCC were approximately 83.7%, 96%, 95.6%, and 0.58 respectively. Therefore we selected the performance result with a window size of 19 to develop our GTP binding model.Table 3Predicting GTP binding sites in the transport proteins with different window sizesWindow SizeTrue PositiveFalse PositiveTrue NegativeFalse NegativeSensSpecAccMCCWS132593348440538396.295.70.58WS1526034884265283.39695.60.58WS1724940983656379.895.394.80.53WS1926134884265183.79695.60.58

Figure [6](#Fig6){ref-type="fig"} plots the sequence frequency logo using WebLogo \[[@CR30]\], which is a web application for sequence logos generator. We have cut-off the sequence with the window size 19 to have comparison between all fragments. This figure indicates that among all positions, there exist many amino acid differences from GTP binding sites in transport proteins. For instance, the amino acids G, K, S, and D contained some differences at positions 0. Therefore, we can identify GTP binding sites according to these amino acid differences.Fig. 6Sequence logo for 22 GTP binding proteins in transport proteins (generated from WebLogo)

Comparison of the predictive performance with different feature sets {#Sec12}
--------------------------------------------------------------------

In this section, we performed the experiment for predicting GTP sites in transport proteins with different feature sets, including BINARY, BLOSUM62, PAM250, PSSM and SAAPs. We used both cross-validation and independent data set with window size 19 to execute prediction in this part. As shown in Table [4](#Tab4){ref-type="table"}, the proposed method could perform better performance the other feature sets. We realized that the combination between SAAPs and PSSM profiles was favourable for developing the proposed work.Table 4Predicting GTP binding sites in the transport proteins with different feature setsFeature setTrue PositiveFalse PositiveTrue NegativeFalse NegativeSensSpecAccMCC5-foldBINARY261195168235183.777.8780.26BLOSUM6223241283628074.495.394.60.49PAM25024634184336678.896.195.50.56PSSM26035184235283.39695.60.58PSSM + SAAPs26134884265183.79695.60.58IndeptBINARY491001610394.294.294.20.54BLOSUM6249981612394.294.394.30.54PAM25049711639394.295.895.90.62PSSM48231687492.398.798.50.78PSSM + SAAPs49201690394.298.898.70.81

ROC curve and AUC in predicting GTP binding sites in transport proteins {#Sec13}
-----------------------------------------------------------------------

Receiver operating characteristic (ROC) and area under the curve (AUC) are also applied as a significance analysis of the presented results \[[@CR31]\]. The ROC curve plots from true positive rate and false positive rate based on our prediction results. In machine learning area, the ROC curve and AUC are the important metrics to present the accuracy of the test \[[@CR32]\]. The AUC value is calculated from the ROC curve to represent the accuracy range. If the AUC comes to 1, we can detemine that our method perform accurately. In this study, our study reached higher AUC than other classifiers (AUC = 0.99), and therefore we could confirm that our classifier present better than others with this problem (Fig. [7](#Fig7){ref-type="fig"}).Fig. 7Comparison predictive performance between different classifiers with ROC Curve and AUC

Comparison of predictive performance with different classifiers {#Sec14}
---------------------------------------------------------------

In this section, some different classifiers are used in the cross-validation and independent data to have comparison with our method. There are many classifiers considered in this portion, i.e., kNN, RandomForest and LibSVM \[[@CR33]--[@CR35]\]. Table [5](#Tab5){ref-type="table"} shows the predictive performance from them, and our classifier performed well than the other classifiers. The sensitivity, specificity, accuracy, and MCC were respectively 83.7%, 96%, 95.6%, and 0.58 for cross-validation dataset. For independent dataset, the sensitivity, specificity, accuracy, and MCC were consequently 94.2%, 98.8%, 98.7%, and 0.81 Therefore we can use our classifier to present the proposed method to predict GTP binding sites in transport proteins.Table 5The comparison of predicting GTP binding sites in the transport proteins between different classifiersFeature setTrue PositiveFalse PositiveTrue NegativeFalse NegativeSensSpecAccMCC5-foldkNN25848282875482.794.594.10.51RandomForest22542083498772.195.294.40.48LibSVM25150582646180.494.293.80.49QuickRBF26134884265183.79695.60.58IndeptkNN49681641394.296960.61RandomForest404116681276.997.6970.6LibSVM431121597982.793.493.10.45QuickRBF49201690394.298.898.70.81

Comparison of the proposed method with other published methods {#Sec15}
--------------------------------------------------------------

We compared the predictive performance of our method with the previous studies from GTPBinder \[[@CR10]\], NsitePred \[[@CR12]\] and TargetSOS \[[@CR11]\]. In the first comparison, we used the cross-validation and the independent dataset (including four transport proteins which contain 52 GTP binding sites and 1710 non-GTP binding sites) to perform the experiments with these methods. Table [6](#Tab6){ref-type="table"} shows that our proposed method performed remarkly better than the others in both cross-validation and independent data set.Table 6Predicting GTP binding sites in the transport proteins with other studiesCross-validationIndependentFeature setSensSpecAccMCCSensSpecAccMCCProposed method83.79695.60.5894.298.898.70.81GTPBinder66.899.196.30.7582.779.9800.26NsitePred47.399.196.80.5660.498.896.90.64TargetSOS47.399.597.40.661.998.897.10.66

Moreover, the second comparison is the predictive performance from two new discovered proteins after 2010, namely Q9H0F7 and A8INQ0. We applied our model in predicting these two proteins and compared the results with two studies GTPBinder \[[@CR10]\] and TargetSOS approach \[[@CR11]\]. The comparison performance in Table [7](#Tab7){ref-type="table"} indicatied that the proposed method improved better than the performance from GTPBinder method \[[@CR10]\] and TargetSOS method \[[@CR11]\].Table 7Predicting GTP binding sites in two newly discovered proteinsClassifierTrue PositiveFalse PositiveTrue NegativeFalse NegativeSensSpecAccMCCProposed Method Q9H0F7159162010099990.84 A8INQ0125510010099990.84TargetSOS Q9H0F7137164286.795.995.20.73 A8INQ01014501283.397.3970.58GTPBinder Q9H0F71133138473.380.780.10.35 A8INQ08130385466.774.874.60.14

Identification of new GTP binding sites in transport protein with the proposed method {#Sec16}
-------------------------------------------------------------------------------------

We used our model in prediction of GTP binding sites in a set of human transport proteins, which retrieved from Swiss-Prot \[[@CR36]\]. The BLAST also used in this section to remove redundant proteins with more than 30% similarity, and then remaining 100 proteins (including 21985 amino acids) were used to evaluate the model. After performing prediction with our approach, we found 938 GTP binding sites from this dataset. Therefore our model can be used to discover some new GTP binding sites in transport proteins with high accuracy.

Web server for predicting GTP binding sites in transport protein {#Sec17}
----------------------------------------------------------------

We developed the web server namely GTP-TP-RBF for representing our method in this study. GTP-TP-RBF was built from QuickRBF package to predict GTP binding sites in transport proteins according to PSSM profiles and SAAPs. The user can access our web server at <http://140.138.155.226/~kahn/gtp-tp/>. The web interface contains many friendly functions, in which users can understand the process and submit sequences easily. Moreover, we optimized the server performance to avoid the time consumption from submitting until getting results. Finally we tried to make a good display in the result page, thus users can retrieve the information easily. According to this web server, biologists can understand our presented work and discover new GTP binding sites in transport proteins.

Conclusions {#Sec18}
===========

Because GTP binding sites have an important role in the process of transporters, predicting them is an important issue in bioinformatics and computational biology. This work presented an approach using radial basis function networks according to PSSM profiles and SAAPs for identifying GTP binding sites in transport proteins. We used the cross-validation to develop model and achieved the accuracy 98.7% when evaluating the performance with independent data set. Our predictive performance improved the accuracy by 18% and MCC by 0.55 when we compared with the general GTPBinder approach of Chauhan \[[@CR10]\], Hu \[[@CR11]\] and Chen \[[@CR12]\]. Moreover, we have already provided a web server for presenting our method. Users can use our web server as an effective tool to understand the functions of GTP binding sites in transport proteins. They can identify some new GTP binding sites in transport proteins to serve their research. We expert that the contributions of this study will provide biologists many information for further research and enrich the bioinformatics field in future.
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The methodology presented in this study which has been published in our previous paper "*Le N.Q.K. and Y.Y. Ou, Prediction of FAD binding sites in electron transport proteins according to efficient radial basis function networks and significant amino acid pairs. BMC Bioinformatics, 2016. 17: p. 298.*" and we used the same methodology in a different context. The BMC Bioinformatics editorial office agreed that for clarity of this supplement article, and allowed us to recycle some of our previously published methodology description.
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